abstract: Previous work on fluctuating asymmetry (FA) has highlighted its controversial relationship with environmental stress and genetic architecture. While size-based measures of FA have been assumed to have half-normal distributions within populations, studies of model developmental mechanisms have suggested other plausible distributions for FA. We investigated the distribution of FA in large empirical data sets of wing shape and wing size asymmetry from three species of insects (cotton aphid Aphis gossipyii Glover, honeybee Apis mellifera, and long-legged fly Chrysosoma crinitus). Regardless of measurement method, FA was best described by a double Pareto-lognormal (DPLN) distribution or one of its limiting functional forms. To investigate convergence of mean sample FA to the population mean at various sample sizes, we sampled repeatedly under a DPLN distribution using parameter values that best fitted our data. Sample variances are much larger, and hence, convergence is slowed considerably with univariate or multivariate size-based measures of FA in contrast to a multivariate shape-based measure of FA. We suggest that much of the past work on FA may be undersampled, and we recommend using multivariate shape-based approaches or collecting larger data sets in future studies. We also discuss the implications of the DPLN distribution for understanding the developmental mechanisms underlying FA.
Developmental stability is maintained by an unknown set of mechanisms that buffer the phenotype against small random perturbations during development (Debat and David 2001) . Fluctuating asymmetry (FA), the most commonly used assay of developmental (in)stability, is usually defined as the normal distribution of deviation from bilateral symmetry across multiple traits within a single individual (Van Valen 1962) or across single traits within a population (Palmer and Strobeck 1986, 2003; Parsons 1992) . Ultimately, an individual's developmental stability is the collective result of random noise, environmental influences, and the exact genetic architecture underlying the developmental processes in that individual (Palmer and Strobeck 1986; Klingenberg 2003) . Extending this to a population, developmental stability is the result of individual variation within each of these three components.
Currently, there is conflict in the literature regarding the effect of both environment and genes on the developmental stability of populations. The development of bilateral symmetry appears to be destabilized to various degrees by both environmental stressors (review in Møller and Swaddle 1997) and certain genetic architectures (usually created by inbreeding ; Mather 1953; Lerner 1954; Graham 1992; Messier and Mitton 1996 ; review by Mitton and Grant [1984] ). While the influence of inbreeding on FA is not consistent (Leary et al. 1983 (Leary et al. , 1984 Fowler and Whitlock 1994; Perfectti and Camacho 1999; Vollestad et al. 1999; Carchini et al. 2001; Rao et al. 2002; Lens et al. 2002; Radwan 2003) , it has led biologists to use terminology such as "genetic stress" or "developmental stress" when describing inbred populations (Clarke et al. 1986; Palmer and Strobeck 1986; Koehn and Bayne 1989; Clarke 1993) .
While genetic and environmental stressors have been shown to contribute to developmental instability and FA, the full picture is still unclear (Bjorksten et al. 2000; Lens et al. 2002) . While FA has been proposed as a universal indicator of stress within individual organisms (Parsons 1992) , its utility as a general indicator of environmental stress has been contentious (Møller 1990; Watson and ). Dashed line, random walk observed at constant stopping rate (i.e., negative exponentially distributed stop times). x ↔ ln (x) Note: random walk on logarithmic scale exhibits geometric Brownian motion. Dotted line, convolution of two distributions (one of each type). Block arrow, continuous mixture of distributions with stochastic (exponentially distributed) variance. Note that log-Laplace is also called double Pareto by Reed (2001) . Thornhill 1994; Merilä and Björklund 1995; Thornhill and Møller 1998; Whitlock 1998; Bjorksten et al. 2000; Ditchkoff et al. 2001; Rasmuson 2002; McCoy and Harris 2003) . Despite many studies, no clear general relationship between environmental stress and FA has been repeatedly demonstrated through experimentation across different taxa (Bjorksten et al. 2000; Lens et al. 2002) . Furthermore, the effects of stress on FA appear to be not only species specific but also trait specific and stress specific (Bjorksten et al. 2000) . Several meta-analyses have attempted to unify individual studies on the relation of sexual selection, heterozygosity, and trait specificity to FA (Thornhill and Møller 1998; Vollestad et al. 1999; Polak et al. 2003) ; while some weak general effects have been found, their biological significance is still unresolved.
Taken collectively, the ambiguity of the results of FA studies suggests unresolved problems regarding the definition and/or measurement of FA. The distribution and overall variability of FA are sometimes discussed with regard to repeatability in FA studies (Whitlock 1998; Palmer and Strobeck 2003) but are seldom a primary target of investigation. Until we can quantify FA more reliably and understand its statistical properties, the potential for misinterpretation of FA is likely to persist.
The Distribution of Fluctuating Asymmetry
Although it is always risky to infer underlying processes from observed patterns, careful examination of the distribution of FA in large samples may help distinguish between possible scenarios driving FA. For instance, a good fit to a single statistical distribution may imply that the same process operates to create FA in all individuals in a population. In contrast, a good fit to a discrete mixture of Note: Winning models have DAIC of 0. Models with goodness of fit nearly equivalent to that of winners are in boldface ( ). DAIC ! 3.0 4.0 ! indicates some support for specified model.
indicates no support (Burnham and Anderson 1998) . Distances between landmarks DAIC ! 7.0 DAIC 1 10.0 (LM) used for first univariate size fluctuating asymmetry (FA): aphids, LM 1-2; bees, LM 1-4; long-legged flies, LM 3-6. For second univariate FA: aphids, LM 2-3; bees, LM 2-6; long-legged flies, LM 4-5.
Pareto-lognormal; Pareto-lognormal; Pareto-DPLN p double RPLN p right LPLN p left lognormal; ; ; . LNORM p lognormal NORM p normal HNORM p half-normal several different density functions might suggest that highly asymmetric individuals suffer from developmental processes fundamentally different from those of their more symmetric counterparts. Thin-tailed distributions (e.g., normal or exponential) may indicate relative independence in the accumulation of small random developmental errors, whereas heavy-tailed distributions may implicate nonindependent cascades in the propagation of such error. Despite much interest in the relationship between environmental stress and levels of FA, the basic patterns of FA's distribution in populations remain largely unexplored.
One common distributional attribute of FA, leptokurtosis, has been discussed in the literature. Leptokurtosis denotes a distribution that has many small and many large values, relative to the normal distribution. Two primary causes of this kind of departure from the normal distribution are the mixing of distributions and scaling effects in data. For example, the Laplace, or double exponential, distribution is leptokurtic (but not heavy tailed) and can be represented as a continuous mixture of normal distributions (Kotz et al. 2001; Kozubowski and Podgó rski 2001) . Just as log scaling in the normal distribution results in the lognormal distribution, log scaling in the Laplace distribution leads to log-Laplace (also called double Pareto) distributions (Reed 2001; Kozubowski and Podgó rski 2002) , which are both leptokurtic and heavy tailed (see fig. 1 ). Several explanations for leptokurtosis in the distribution of FA have been proposed. Both individual differences in developmental stability within a population (Gangestad and Thornhill 1999) Palmer and Strobeck 2003) . In addition, Hardersen and Frampton (2003) have demonstrated that a positive relationship between mortality and asymmetry can cause leptokurtosis. Alternatively, Graham et al. (2003) have argued that developmental error should behave multiplicatively in actively growing tissues, creating a lognormal size distribution in most traits rather than the normal distribution that is usually assumed. They argue that this ultimately results in leptokurtosis (but not fat tails) and size-dependent expression of FA. Because simple growth models are often geometric, we should not be surprised if distributions of size-based FA followed the lognormal distribution (see Limpert et al. 2001 for a review of lognormal distributions in sciences).
Not well recognized within biology is the fact that close interaction of many components can result in power-law scaling (distributional tails that decrease proportionally to x Ϫa rather than to some exponential function of x such as [exponential] or [normal] and hence 2 exp (Ϫax) e x p ( Ϫax ) to heavy-tailed distributions; Sornette 2003) . Power-law scaling is often associated with the tail of the lognormal distribution, especially when log standard deviation is large (Montroll and Shlesinger 1982, 1983; Roman and Porto 2001; Fujiwara et al. 2003; Romeo et al. 2003; M. Mitzenmacher, unpublished manuscript) .
Because FA in a population may reflect fundamental developmental differences between different classes or groups of individuals, for example, stressed and nonstressed, or between different subpopulations, as suggested by Houle (2000) , we might expect discrete mixtures of different distributions to best describe FA. For instance, extreme individuals falling in a heavy upper tail may be those who have exceeded some developmental threshold. Major disruption of development, resulting in high FA, may also reveal the scaling that exists in the underlying gene regulatory network (Albert and Barabási 2002; Clipsham et al. 2002; Oltvai and Barabási 2002) . Alternatively, if FA is produced by a single process but to various degrees in different individuals, then one might expect a continuousmixture model to best describe the distribution of FA.
The possibility of nonnormal distribution of FA opens the door to several potential sampling problems. For instance, if the lognormal shape, or multiplicative variance parameter, is large, then broad distribution effects may slow the convergence of the sample mean to the population mean as sample sizes are increased (Romeo et al. 2003 ). An additional, thornier, problem is caused by power-law scaling in the tails of distributions. Many lognormally distributed data sets exhibit power-law scaling (or amplification) in the tail region (Montroll and Shlesinger 1982, 1983; Romeo et al. 2003; Sornette 2003) , sometimes called Pareto-Levy tails or just Levy tails. Distributions with such power-law tails may have infinite variances (if the scaling exponent is !2) and thus do not obey the Law of Large Numbers (that sample means approach the population mean as sample sizes increase); in fact, increased sampling actually increases the likelihood of sampling a larger value in the tail of a Pareto distribution (Quandt 1966; Bardou et al. 2003) , creating more uncertainty in estimates of the mean as sample size increases. This can slow overall convergence considerably even in distributions that are otherwise lognormal with low variance (which may not look very different from wellbehaved lognormal distributions unless a large amount of data is accumulated).
To assess the importance of these two factors-broad distribution effects, controlled by the shape (lognormal variance) parameter of the body of the FA distribution, and power-law tails, controlled by the scaling exponents of the tails of the FA distribution-we apply a new statistical model, the double Pareto-lognormal (DPLN) distribution (Reed and Jorgensen 2003) . The DPLN distribution is a lognormal distribution with power-law behavior in both tails (for values near 0 and large positive values). Similarly to the log-Laplace distributions, the DPLN distribution can be represented as a continuous mixture of lognormal distributions with different variances. It can also be derived from a geometric Brownian motion (a multiplicative random walk) that is stopped, or "killed," at a constant rate (i.e., the distribution of stop times is exponentially distributed; Reed and Jorgensen 2003; Sornette 2003) . The parameters of the DPLN distribution include a lognormal mean (n) and a variance (t 2 ) parameter, which control the location and spread of the body of the distribution, and power-law scaling exponents for the left (b) and right (a) tails. Special cases of the DPLN distribution include the right Pareto-lognormal (RPLN) distribution, with a power-law tail on the right but not the left side ( ); the left Pareto-logb r ϱ normal (LPLN) distribution, with a power-law tail only near 0 ( ); and the lognormal distribution, with no a r ϱ power-law tails ( , ). For comparison, we also a r ϱ b r ϱ fitted normal and half-normal distributions, as well as the asymmetric Laplace distribution, to our data on FA. See figure 1 for a schematic representation of relationships between these candidate models for FA.
In this study, we directly test the fit of different distributions to large FA data sets from three species of insects. We include a lab-cultured monoclonal line of cotton aphid Aphis gossipyii Glover, in an attempt to isolate the distribution of developmental noise for the first time. We also analyze data from a semiwild population of domestic honeybee Apis mellifera, taken from a single inseminated singlequeen colony, and from a large sample of unrelated wildtrapped long-legged flies Chrysosoma crinitus (Dolichopodidae).
We address two primary groups of goals in this study. First, we investigate what distributions fit FA data best and how the parameters of these distributions vary across spe- cies, rearing conditions, and levels of genetic relatedness. We also address whether "outliers" (individuals with visible developmental errors) appear to result from discrete or continuous processes. Second, we determine how accurate the estimates of population mean FA are at various sample sizes and whether past studies of FA have been adequately sampled, in order to accurately estimate mean FA in populations. In addition to these two primary goals, we also compare the best-fitting distributions and level of sampling error for three of the most common methods of measuring FA: a univariate and a multivariate size-based metric of asymmetry and a multivariate shape-based method.
Methods
Wings were collected and removed from three populations of insects and dry-mounted on microscope slides. These populations included a monoclonal population of 1,022 cotton aphids (Aphis gossipyii Glover) started from a single individual collected from citrus in Lake Alfred, Florida, in 2002 and cultured on cotton seedlings (Gossipium); 1,001 honeybees (Apis mellifera) collected from a single inseminated single-queen colony maintained at University of Florida's Bee Lab; and 889 long-legged flies (Chrysosoma crinitus: Dolichopodidae) collected from yellow pan traps in Gainesville, Florida, during May 2003 and May-June 2004. All species identifications were made through the State of Florida Department of Plant Industry in Gainesville, and voucher specimens remain available in their collections. Specimens were dried in 85% ethanol, and then pairs of wings were dissected (in ethanol) and air dried to the glass slides while the ethanol evaporated. Permount was used to attach coverslips. This technique prevented wings from floating up during mounting, which might slightly distort the landmark configuration. Dry mounts were digitally photographed. All landmarks were identified as wing vein intersections on the digital images (six landmarks on each wing for aphids, eight for honeybees and dolichopodid flies). See appendix A in the online edition of the American Naturalist for landmark locations on wings for each species.
Wing vein intersections were digitized three times each on all specimens using TPSDIG, version 1.31 (Rohlf 1999) . All measures of FA were taken as the average FA value of the three replicate measurements for each specimen. Specimens damaged at or near any landmarks were discarded. Fluctuating asymmetry was measured in three ways on all specimens. First, a common univariate metric of absolute unsigned asymmetry was taken for two different landmarks:
, where R and L are the Euclidean FA p abs(R Ϫ L) distances between the same two landmarks on either wing. In aphids, landmarks 1-2 and 2-3 were used; in bees, landmarks 1-4 and 2-6 were used; and in long-legged flies, landmarks 3-6 and 4-5 were used. Two multivariate geometric morphometrics using landmark-based methods were performed using all landmarks shown in appendix A. A multivariate size-based FA (FA 1 in Palmer and Strobeck 2003) was calculated as absolute value of ( ), R Ϫ L where R and L are the centroid sizes of each wing (i.e., the sum of the distances of each landmark to their combined center of mass or centroid location). In addition, a multivariate shape-based measure of FA known as the Procrustes distance was calculated as the square root of the sum of all squared Euclidean distances between each left and right landmark after two-dimensional Procrustes fitting of the data (Bookstein 1991; Klingenberg and McIntyre 1998; FA 18 in Smith et al. 1997; Palmer and Strobeck 2003) . Centroid size calculation, Euclidean distance calculation, and Procrustes fitting were performed using Ø. Hammer's Paleontological Statistics (PAST) program, version 0.98 (Hammer 2002) . For assessing measurement error (ME) of FA, we conducted a Procrustes ANOVA (in Microsoft Excel) on all pairs of wing images resampled three times each for every species (Klingenberg and McIntyre 1998) . Percent ME was computed as , where (ME/average FA) # 100 ME p (FFA1 Ϫ FA2F ϩ . All subsequent statistical FFA2 Ϫ FA3F ϩ FFA1 Ϫ FA3F)/3 analyses were performed using SPSS Base 8.0 statistical software.
The fits of all measures of FA to eight distributional models (normal, half-normal, lognormal, asymmetric Laplace, double Pareto-lognormal [DPLN] , two limiting forms of DPLN-the right Pareto-lognormal [RPLN] and the left Pareto-lognormal [LPLN]-and a discrete mixture of lognormal and Pareto) were compared by calculating negative log likelihoods and the likelihood ratio test (LRT) if models were nested and by the Akaike Information Criteria (AIC) if they were not nested (Hilborn and Mangel 1997; Burnham and Anderson 1998) . Both of these approaches penalize more complex models (those with more parameters) when selecting the best-fit distributional model for a given data set. (The LRT does not technically apply when the nesting parameter is at the boundary of its allowed region, e.g., when for the DPLN, but a r ϱ [2000] suggest that the LRT is conservative, favoring simpler models, under these conditions.) Best-fitting parameters were obtained by maximizing the log-likelihood function for each model (app. B in the online edition of the American Naturalist). The maximization was performed using the conjugate gradient method within unconstrained solve blocks in the program MathCAD by Mathsoft (2001) , and it was also confirmed using Nelder-Mead simplex algorithm or quasi-Newton methods in R, version 2.0.1, a programming environment for data analysis and graphics.
Pinheiro and Bates
Phenodeviants were defined as individuals demonstrating missing wing veins, extra wing veins, or partial wing veins on one or both wings. All phenodeviants in honeybees involved absence of the vein at landmark 6 (LM 6). Phenodeviants in aphids were more variable but mostly involved absence of wing vein intersections at LM 2 or LM 3. Procrustes distances were estimated for phenodeviants by omitting the missing landmarks (caused by the phenodeviance) and controlling for the effect of this removal on the sums of squares. We added an average of the remaining sums of squares in place of the missing sums of squares so that the calculated Procrustes distance is comparable to that of normal specimens (i.e., six landmarks). In almost all phenodeviants, this involved omission of only one set of landmark values. The frequency of phenodeviants was examined across the range of the FA distribution (i.e., Procrustes distance), and mean values of the FA for phenodeviants were compared to those for normal individuals in order to assess whether phenodeviants tended to show higher than normal levels of FA in characters that were not affected by the missing, partial, or extra wing veins.
The best-fitting parameters of the best-fitting models were used to build a distributional model under which repeated sampling was simulated at various sample sizes. Average error in estimation of the mean FA was calculated as a coefficient of variation ( ) for 1,000 ran-[s/x] # 100 domly generated data sets. Finally, we compared our estimation errors, given our best-fitting distributions of FA, to a distribution of sample sizes from 229 FA studies published in three recent meta-analyses (Thornhill and Møller 1998; Vollestad et al. 1999; Polak et al. 2003) .
Results
In the distributions of shape-based FA in monoclonal cotton aphids ( ), domesticated honeybees ( n p 1,022 n p ), and wild trapped long-legged flies ( ), AIC 1,001 n p 889 and LRTs always favored DPLN or RPLN models by a large margin. All size-based FA distributions favored DPLN or LPLN models by a large margin (table 1). All variants of discrete-mixture models we tried had very poor results (data not shown). Figures 2-4 demonstrate bestfitting models for multivariate shape FA (DPLN and lognormal distributions), multivariate centroid size FA (DPLN and half-normal distributions), and univariate size FA (DPLN and half-normal distributions) for all three species. Fluctuating asymmetry was often visually noticeable in aphids, where the mean shape FA (Procrustes distance) was three times ( ) that in bees 0.062 ‫ע‬ 0.00050 ( ) or flies ( ). We note that 0.023 ‫ע‬ 0.00026 0.019 ‫ע‬ 0.00028 distribution of size FA in aphids and bees fit half-normal distribution in the upper tails fairly well but fit relatively poorly among individuals with low FA. Long-legged flies exhibit a poor fit to half-normal distribution in both tails. For multivariate shape analysis, right-tail power-law exponents (a) were very high (thousands), and left-tail exponents (b) ranged from 3.9 to 9.9, while the dispersion parameter (t) was narrowly distributed from 0.310 to 0.356. Thus, shape FA exhibited little scaling in tails (i.e., nearly lognormal distribution). For size-based FA, dispersion was much larger (0.57-0.74) and power-law exponents more variable for univariate and multivariate sizebased FA (left-tail [b] and right-tail [a] exponents were generally low, indicating moderate power-law scaling in both tails), as shown in table 2. Figure 5 shows distribution of FA sample sizes from 229 studies published in three recent meta-analyses (Thornhill and Møller 1998; Vollestad et al. 1999; Polak et al. 2003) . Nearly 70% of the 229 FA studies have sample or treatment sizes less than 100. Figure 6 demonstrates hypothetical error levels (coefficients of variations) in estimated mean FA at various sample sizes. Approximate best-fit parameters were used to estimate the coefficient of variation under the DPLN distribution (for shape FA: , , n p Ϫ3.7 t p 0.35 a p , ; for size FA: , , , 1,000 b p 9 n p 1.2 t p 0.70 a p 4.0 ). For the same set of landmarks, multivariate b p 4.0 shape FA measures led to the least amount of error in estimating mean FA under DPLN at any sample size. Both univariate and multivariate size FAs performed more poorly in terms of both convergence and overall percentage error.
We found that while phenodeviants occurred in almost 
). We also found that individuals with 0.843 P p .001 phenodeviant wings (both aphids and bees) showed significantly higher levels of FA across wing landmarks unaffected by the phenodeviant traits ( in both P ! .002 aphids and bees). Only a single case of phenodeviance was sampled in long-legged flies.
Measurement error for shape FA was 1.41% in aphids, 1.63% in bees, and 2.42% in flies, while for size FA, it was ∼4.5% in aphids, ∼5% in bees, and ∼6.5% in flies. In a Procrustes ANOVA (Klingenberg and McIntyre 1998) , the mean squares value for the interaction term of the ANOVA (MS Interaction ) was highly significant ( ) in all three P ! .001 species, indicating that FA variation was significantly larger than variation in measurement error (ME). The distribution of signed ME was normal and exhibited moderate platykurtosis for all types of FA in all species examined. Measurement error was very weakly correlated to FA in all samples ( ).
2 0.01 ! r ! 0.07
Discussion

The Distribution of Fluctuating Asymmetry
Our data demonstrate a common pattern of distribution in the FA in wing size and shape of three different species whose populations existed under very different environmental conditions (lab-cultured, free-living domesticated, and wild) and genetic structure (monoclonal, haplodiploid sisters, and unrelated). This suggests that the distribution of size and shape FA may have universal parameters (e.g., for shape FA and for size-based FA). Our t ≈ 0.35 t ≈ 0.7 data confirm that although size FA sometimes exhibits a reasonable fit to half-normal distribution in the upper tail and shape FA is reasonably well fitted by lognormal distributions, large data sets of FA in both size and shape are always best described by a double Pareto-lognormal (DPLN) distribution or one of its limiting forms, LPLN and RPLN. Multivariate shape FA demonstrates a narrow distribution with a large right tail, including the top few percent of the most extremely asymmetric individuals, that is best fitted by DPLN or RPLN distribution. Both uni- (Thornhill and Møller 1998; Vollestad et al. 1999; Polak et al. 2003) . Only five studies had sample sizes greater than 500 (not shown).
variate and multivariate size FA exhibit a considerably broader distribution with moderate leptokurtosis that is best fitted by DPLN or LPLN distribution. Our data suggest that the DPLN distribution and its limiting forms are generally the most appropriate models for the distribution of FA regardless of method of measurement.
Evidence that distribution of FA closely follows a DPLN distribution, a continuous-mixture model, and appearance of phenodeviance across nearly the entire range of our data suggested that developmental errors may be caused by a similar process across the entire distribution of FA in a population. In other words, variation in FA may have a single cause in most of our data. Although phenodeviance is significantly related to increased levels of FA and is more prevalent in the right-tail region of the shape FA distribution, it does not appear to be associated exclusively with the right tail, as a threshold model for high FA might predict. The very poor fits to all variations on the discretemixture model also suggest a lack of distinct processes creating extreme FA in our three data sets. However, we caution that use of maximum likelihood methods to fit data to discrete mixtures is often technically challenging.
We find no block effects (e.g., no differences in FA levels between long-legged fly samples collected on different weeks or aphid samples collected from different pots or growth chambers), so it appears that there is no obvious sample heterogeneity that could result in a discrete mixture. With the usual caveats about inferring process from pattern, we do not find obvious thresholds in the distribution of asymmetries at the population level that would suggest threshold effects at a genetic or molecular level. Finally, from the appearance of only one phenodeviant among our wild-trapped long-legged fly population (as opposed to many in the bee and lab-reared aphid populations), we speculate that mortality related to phenodeviance (and perhaps high FA) in wing morphology may be relaxed in lab culture and domestication. Further comparisons among populations of a single species under different conditions are needed to test this idea.
Sample Size and the Estimation of
Mean Fluctuating Asymmetry In random sampling under DPLN distribution, we found that broad distribution effects due to the shape parameter are minimal in their effect of slowing convergence to the population mean in multivariate shape-based FA (t ≈ for all three data sets). However, these effects are 0.35 considerable for univariate and multivariate size-based FA (where ). The effects of scaling in the tails of the t ≈ 0.70 distribution, which cause divergence from the mean, appear to have little effect in the right tail of the distribution of shape-based FA. However, larger effects in the tails of the size FA create more individuals with very low and very high asymmetry than expected under the assumption of normality. The point estimates of the scaling exponents for size FA are close to the range where very extreme values may be sampled under the distribution tails (if or a ! 3 ), greatly affecting confidence in the estimate of mean b ! 3 FA. With a sample size of 50 and the best-fitting DPLN parameters typical for asymmetry in multivariate shape, we found that the coefficient of variation for mean FA is about 5%, whereas size-based mean FA fluctuates about 13% from sample to sample. At a sample size of 100, these coefficients of variation are 3.2% and 7.5%, respectively. Unless experimental treatment effects in most FA studies are larger than this, which is unlikely in studies using sizebased measures of FA of more canalized traits, statistical power and repeatability will be low. Given the sample size range of most previous studies ( ) and their n p 30-100 tendency to favor size-based measurement methods, our results suggest that many past FA studies may be undersampled. Furthermore, it is also likely that given the small sample sizes in many FA studies, particularly involving vertebrates where , the tail regions of natural FA n ! 50 distributions are often severely undersampled and sometimes truncated by the removal of outliers. These factors may artificially cause nonnormal distributions to appear normal, also potentially resulting in inaccurate estimation of mean FA.
The Basis of Fluctuating Asymmetry
The surprisingly good fit of FA distributions to the DPLN model in our study suggests that the physical basis of FA may be created by the combination of random effects in geometrically expanding populations of cells on either side of the axis of symmetry (i.e., geometric Brownian motion). Studies in the Drosophila wing indicate that cell lines generally compete to fill a prescribed space during development, with more rapidly dividing lines outcompeting weaker ones (Day and Lawrence 2000) . Because regulation of the growth of such cell populations involves nutrients and/or signaling substances that stop the cell cycle when exhausted, it is likely that the distribution of numbers of cells present at the completion of growth follows an exponential distribution. Reed and Jorgensen (2003) dem-onstrate that when a population of repeated geometric random walks is "killed" at such a constant rate, the DPLN distribution is the natural result. There are many other examples of growth processes in econometrics and physics where random proportional change combined with random stopping/observation create size distributions of the kind described here (Reed 2001; Kozubowski and Podgó rski 2002) . In the future, when applying this model to instability during biological growth, it would be very interesting to investigate how genetic and environmental stress might affect the parameters of this model. If scaling effects are found to vary with stress, then leptokurtosis may potentially be a better candidate signal of developmental instability than increased mean FA.
Conclusion
Although size-based FA distributions can sometimes appear to fit normal distributions reasonably well, as previous definitions of FA suppose, we demonstrate that three large empirical data sets all support a new statistical model for the distribution of FA, the double Pareto-lognormal distribution, which potentially exhibits power-law scaling in the tail regions and leads to uncertain estimation of true population mean at sample sizes reported by most FA studies. The assumption of normality fails every time candidate models are compared on large data sets. We believe that failure of this assumption in many data sets may have been a major source of discontinuity in results of past FA studies. Future work should attempt to collect larger sample/treatment sizes ( ) unless the magnitude of n ≈ 500 treatment effects on FA (and thus the statistical power of comparisons) is very large. Our results demonstrate that multivariate shape-based methods (Klingenberg and McIntyre 1998) result in more repeatable estimates of mean FA than either multivariate or univariate size-based methods. We would also recommend that methodology be reexamined even in large-sample studies of FA. For example, because Drosophila are usually reared in many replicates of small tubes with !50 larvae per tube, many large studies may still be compromised by individual sizes of replicate samples. We also suggest that authors of past meta-analyses and reviews of FA literature reassess their conclusions after excluding studies in which undersampling is found to be problematic. Careful attention to distributional and sampling issues in FA studies has the potential both to mitigate problems with repeatability and, possibly, to suggest some of the underlying mechanisms driving variation in FA among individuals, populations, and species.
